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Learned query optimizers (LQOs) have shown remarkable progress in recent years. Despite achieving compet-
itive performance compared with traditional methods, current LQOs struggle to retain stability and generate
efficient plans when exposed to workloads with substantial diversity, presenting a major challenge in real-
world deployment. Divo is a learned query optimizer designed to overcome performance degradation observed
in training on diverse workloads. First, Divo proposes a template-evolving query generator to provide diverse
queries for sufficient training. By modifying and combining query templates, the query generator synthesizes
3,000 informative new queries with fidelity to existing workloads. Second, Divo establishes a two-phase model
training pipeline to enhance RL training with numerous plans collected in advance. We collected over 100,000
plans from public workloads and diverse generated queries to form static experiences, which are effectively
leveraged on various training workload configurations to enhance Divo’s plan generation through augmenting
auxiliary components. Third, Divo proposes a diversity-aware loss function to learn from diversified input
queries stably. By learning to predict probability distributions of latencies, Divo flexibly handles various queries
and tolerates inconsistent ground truth latencies from training queries. We evaluate Divo’s performance on
PostgreSQL using a complicated mixed workload of JOB, DSB, Extended JOB, Stack, and generated queries,
with three different training and testing workload configurations split by template. Experiments demonstrate
Divo’s advantage on total execution latency with a 1.3x speedup relative to PostgreSQL, which is 14.9X better
than six existing LQOs on average.
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Fig. 1. Speedup of LQOs relative to PostgreSQL when trained and tested on subsets of a mixed workload.

1 Introduction

With the rapidly increasing amount of data, query execution latency has become a key bottleneck
of numerous application scenarios. Query optimization aims to find an optimal execution plan with
the lowest latency for each input query [25]. While traditional query optimizers of DBMSs exhibit
stable performance built upon human expert knowledge, learned query optimizers (LQOs) have
recently been proposed and shown competitiveness [11, 18, 40].

Based on the strategy of plan generation, LQOs can be categorized into generator-like and steerer-
like algorithms [3, 45]. Generator-like LQOs, e.g., Balsa [37], LOGER [2], etc., directly generate
plans without empirical rules. The plan generation strategy is mostly controlled by a latency
predictor, which predicts the minimal observed latency for intermediate plans (subplans) and is
iteratively refined by reinforcement learning (RL). In contrast, steerer-like LQOs, like Lero [46] and
FASTgres [34], invoke a traditional optimizer (mostly PostgreSQL’s) to generate plans and select the
best one from the candidates with a plan comparator. These steerer-like LQOs are generally more
stable than generator-like methods because the traditional optimizer undertakes plan generation.
With sufficient training, both kinds of LQO outperform PostgreSQL’s optimizer when training and
testing on identical query templates.

However, existing LQOs consistently fail to maintain performance when we increase the query
workload diversity to imitate general applications. Figure 1 shows the relative speedup of these
LQOs to PostgreSQL on a mixed workload of JOB [12], Extended JOB [17], DSB [4], and Stack [16].
We trained these LQOs with half the templates and used the rest to test their speedup. We can
see that generator-like LQOs failed to achieve even half of PostgreSQL’s performance, and none
outperformed 1x speedup on the unseen testing workload, showing the difficulty of LQO’s learning.

As recent progress in LLM sheds light on the definite relationship between the quality and
diversity of training data and model performance [10, 26, 32], improving the effectiveness of
training queries and plans becomes a natural intuition. A diverse training workload is expected
to equip LQOs with sufficient knowledge and lead to better performance. Despite the appealing
idea, existing methods perform conversely and show limitations of current LQO training schemes,
which face three major challenges.

The lack of diverse informative queries. The most frequently used workloads, including
JOB [12], Stack [16], etc., contain only 10 to 30 query templates with complicated join predi-
cates. Several benchmarks, e.g., DSB [4], can generate queries from templates with different filter
predicates. However, these queries are seldom informative since most queries of each template share
an identical optimal join order. For example, queries of DSB’s template 18 share a near-optimal
join order that first joins ‘catalog_sales’ and ‘date_dim’ and then ‘item’, etc., providing no more
knowledge than the template itself. Therefore, generating queries of diverse templates is crucial
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to LQOs. Besides, researches in various areas [6, 14, 29, 30] have demonstrated the necessity of
fidelity, i.e., the similarity between synthetic and real data, for performance on real user inputs. A
query generator should produce diverse, informative queries with fidelity at scale, posing the need
for a subtle implementation.
Obstacles to effective plan exploration and utilization. As an LQO learns from observed plans
rather than queries to refine the query optimization policy, leveraging diverse training queries
remains a key issue. Improving an LQO requires learning from efficient plans that outperform
existing ones, necessitating effective exploration in an exponential search space [2]. However, a
large and diverse workload challenges sufficient RL exploration and requires considerable overhead.
An alternative is to collect subplans for individual queries in advance of training, thereby cir-
cumventing exploration inefficiency. However, collected observed latencies are immutable during
training and become obsolete through exploration, eventually hindering efficient plan generation.
These issues pose a unique challenge for LQO training.
Complicated distribution of diverse training queries. While a diverse training workload en-
riches knowledge for plan generation, the varying scales of latencies create inherent biases towards
queries with large latency spans, which produce higher loss values. Moreover, the latency prediction
task is easily affected by variable latencies with identical feature inputs. For example, JOB queries
8c and 8d have the same predicate selectivities, but 8c is about 2Xx slower in PostgreSQL because
joining ‘ci’ and ‘rt’ in 8c yields 9x more data than in 8d. Subtle differences intermittently manifest
among queries, inducing inconsistent ground truths that eventually destabilize RL training. A
training method that flexibly handles inconsistency and intrinsic bias is thus pivotal to the issues.
To handle the aforementioned challenges, We propose Divo, an LQO established on diverse
workloads. With a hybrid framework combining the advantages of generator-like and steerer-like
methods, Divo generates plans with a latency predictor and replaces poor plans with PostgreSQL’s
plans with a comparator [3, 46]. We carefully design Divo with the following main contributions.
Template-evolving query generator. To address the diversity challenge, Divo introduces a
template-evolving query generator to synthesize templates through join graph operations on
existing workloads. Divo applies two core operations, reduction for node removal and combination
for graph merging, to evolve graph structures where nodes and edges represent tables and join
predicates. This approach ensures fidelity by preserving join relationships from original workloads
while systematically expanding template diversity. A weighted sampling strategy further ensures
diversity and fidelity with fair sampling and exponential weight decay for generated templates. We
generate 3,000 queries based on JOB [12], Extended JOB [17], DSB [4], and Stack [16] to furnish
Divo with sufficient knowledge.
Diverse plan-augmented RL with one-time collection. We propose a two-phase training
pipeline for Divo to effectively collect and leverage plans from diverse generated queries. Al-
though unsuitable for direct RL training, diverse queries can provide high-quality supervision
for auxiliary components, specifically the plan comparator in Divo. First, Divo collects extensive
complete execution plans to form static experiences, which retain validity with fixed observed
latencies throughout training. In the second phase, Divo learns plan generation with value-based
RL and augments the plan comparator with static experiences, thereby simultaneously improving
plan generation through a shared query encoder. Learning from complete plans enhances Divo
without suffering from outdated prior plan generation strategies. Moreover, static experiences can
be reused across various training workload settings with a one-time collection overhead.
Diversity-aware probability distribution loss. Divo sufficiently handles the complicated distri-
bution of diverse queries with a diversity-aware loss function, which integrates KL divergence rather
than relying solely on MSE loss used by other LQOs [2, 3, 37]. The diversity-aware loss enables Divo
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Fig. 2. An overview of Divo’s framework.

to learn an additional task to predict the probability distribution of latency in different ranges. On
the one hand, the diversity-aware loss naturally handles intrinsic biases and inconsistent latency
values with multiple class labels of latency ranges. On the other hand, probability distributions
provide a fine-grained view for the comparator. Instead of binary predictions in Lero [46], GLO [3],
etc., probability distributions enable Divo to calculate the mathematical expectation of speedup
relative to PostgreSQL for each plan to make plausible decisions.

We tested Divo and other LQOs on multiple different splits of JOB [12], Extended JOB [17],
DSB [4], Stack [16], and 100 random generated queries. Our experiments ensure a challenging
setting where test set templates are unseen in the training workload. On the testing workload in
Fig. 1, Divo benefits from the previously mentioned contributions and presents a 1.3X speedup,
which is 14.9% better than six compared LQOs on average and indicates a stable performance on
diverse queries.

2 Related Work

Generator-like and steerer-like LQOs. A generator-like LQO constructs plans by consecutively
selecting join operations for subplans, mostly using a learned latency predictor to estimate the min-
imal latency of a subplan observed through training. The LQO enumerates possible join operations,
predicts latencies of corresponding subplans, and selects the next subplan with the lowest latency.
This procedure is repeated until all tables are joined together. With ReJOIN [18] and DQ [11] as
prototypes, several generator-like LQOs including Balsa [37], HybridQO [39], LOGER [2], etc., have
exhibited impressive performance in multiple workload splits.

On the contrary, steerer-like LQOs invoke the underlying traditional optimizer to generate a set
of candidate plans and use a comparator to select the best one. These methods diversify candidate
plans with various strategies. Bao [16] disables specific join or scan operators. Lero [46] alters the
cost estimations. Some steerer-like LQOs, such as FOSS [45], modify the candidate plans to improve
performance. GLO [3] borrows the idea and uses a comparator to select between generated plans
and PostgreSQL’s plans.

Synthetic query generation. Effective ML-based database components require substantial train-
ing queries, as demonstrated in domains like cardinality estimation [9]. Early approaches like
RAGS [27] and SQLSmith generate queries randomly but cannot produce diverse join predicates
essential for LQO training. Template-based methods, such as TPC [22] and DSB [4], produce queries
with a fixed set of variants through parameterized templates. Several methods [1, 19] further apply
constraints to template-based methods to improve informativeness, but queries from the same tem-
plate typically share the optimal plan and cannot provide diverse knowledge. Recent learning-based
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methods improve query generation for various requirements. TreeGAN [15] addresses fidelity
to real queries, and LearnedSQLGen [42] enforces constraints with RL to generate informative
queries. However, these methods require additional training overhead on the underlying schema
and primarily yield queries of low complexity (fewer than 3 joins). Our template-evolving query
generator addresses these limitations by systematically evolving existing templates to produce
diverse, informative queries with fidelity at scale.

Deep reinforcement learning. Deep RL is a technique frequently used in learned database
components [13, 28, 35]. Divo follows the value-based RL paradigm, which estimates the expected
returns of state-action pairs to obtain a policy for the current task [31]. Most generator-like LQOs,
including Neo [17], Balsa [37], GLO [3], etc., use a modified implementation of Deep Q-learning
(DQN) [20]. As a pivotal value-based RL algorithm, DQN establishes an experience replay memory
M to enhance data efficiency and diminish correlations between samples. Instead of adopting the
target network in DQN, generator-like LQOs establish a lookup table of the minimal observed
latencies for subplans. Divo follows this implementation. More recently, Farebrother et al. [7] have
shown the advantages of training the value model with classification tasks on performance and
stability with substantial experiments. Divo adopts the idea and proposes the diversity-aware loss
of latency distribution.

3 System Overview

Figure 2 demonstrates Divo’s high-level architecture and workflow. This section provides a holistic
view of (1) model components adopted from prior work, (2) the training pipeline, and (3) the
inference pipeline. Implementation details of Divo’s main contributions are explained in §4-5.

3.1 Components of model architecture

Divo’s model architecture consists of three components: the query encoder, the latency predictor,
and the plan comparator. We briefly explain the implementation of these components as follows.
Query encoder. The query encoder takes queries g as input and provides table embeddings for
the downstream latency prediction and comparison tasks. We adopt the query encoder in GLO [3],
which embeds the information of ¢q and the statistics from the database into a graph G = (V, E).
The query encoder uses a 2-layer Graphormer [38] model to output vertex embeddings e;, where
t € V is a table. We denote the encoder as Fe,. below.

Fenc(q) ={e: |t € V Atisatable}

To embed table and column information into g, Divo establishes G as a join graph of table and
column vertices, where edges represent column filters or join predicates. We adopt the representa-
tion vectors used in GLO and further add edge features to enrich the information. The vectors are
transformed into the same feature domain with different MLP layers to feed into Graphormer.

e Table representation v; contains (1) estimated row count, (2) estimated total selectivity (from
PostgreSQL), (3) number of columns, and (4) number of foreign keys.

e Column representation v, contains (1) column type, (2) distinct value proportion, (3) null value
proportion, (4) existence of indexes, (5) estimated filter selectivity, and (6) existence of join
predicates.

o Edge representation v, contains (1) estimated join predicate selectivity, and (2) estimated cost.

Latency predictor. We adopt QueryFormer [44] to handle the latency prediction task. Divo
represents subplans p with vertex embeddings and aggregates information into an output embedding
vector e, (p) with a 4-layer QueryFormer. Specifically, a subplan is represented as a forest of plan
trees, where leaf nodes are tables represented with vertex embeddings e;, and branch nodes are
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joined results embedded with cost estimations from PostgreSQL’s cost estimator. Divo sends the
output embedding vector to an MLP My, to obtain the prediction Fi,:(p) of p’s minimal observed
latency.

elat(p) = QueryFormer") (p, Fenc(q))
Flat (P) = Mlat (elat (P))

Plan comparator. Similar to the latency predictor, the plan comparator [3, 46] uses a QueryFormer
to obtain the embedding ecmp (p) for each plan p. The comparator takes a plan p from Divo and the
default plan p;, from PostgreSQL’s optimizer as input and outputs a label Femp (p, pp), which is less
than 0 only when p performs better.

€cmp (p) = deryFormer(Z) (P, Fenc(q))
chp (P, Pb) = fcmp(ecmp (P), €cmp (Pb))

We will further explain the detail of plan comparison in §5.3.

3.2 Training pipeline

Divo generates templates, subsequently synthesizes queries based on public workloads, i.e., JOB [12],
DSB [4], etc., and learns with a two-phase pipeline: experience collection and RL training. In Phase
I, Divo collects numerous execution plans from these queries. The collected plans are taken as static
experiences, which are utilized in Phase II to enhance Divo’s performance.

Template-evolving query generation (§4): As shown in Fig. 2(a), we propose the template-
evolving query generator to generate diverse queries for sufficient training. The query generator
produces new queries by modifying templates from the input workloads. In the generation process,
Divo takes input templates as join graphs, and the generator uses two operations, (1) join graph
reduction and (2) join graph combination, to randomly modify join graphs and obtain queries distinct
from existing templates. We generate 3,000 queries of 1,800 different templates in our experiments.
These queries are also leveraged to form a testing workload to study Divo’s performance in our
experiments.

Static experience collection (§5.1). We collect a total of 132,000 plans on public workloads and
the generated queries in Phase I to form a set of static experiences, denoted as S. To accomplish the
collection, Divo searches for plans by temporarily reusing the latency predictor, which we train on
different subsets of 100 queries to collect plans through RL exploration. To prevent contamination
from partial or outdated knowledge and improve exploration sufficiency, we reset Divo’s parameters
after each collection cycle [5].

Parameter-sharing model training (§5.2). In Phase II, we train Divo with a value-based RL
paradigm, which is further enhanced by static experiences. We show the training process in Fig.
2(b). For each query in the workload W, we generate a plan p following a typical RL search pipeline.
When the output plan is obtained, Divo collects the execution latency of the generated plan and
updates the minimal observed latency T (p;) for each subplan p,. The subplans are then added to
the replay memory M for RL training.

After the plan generation process, Divo trains the latency predictor Fj,; and the comparator
Femp with batches sampled from both M and static experiences S. Divo leverages the diverse
static experiences to train the plan comparator and thereby learns informative embeddings for the
encoder, eventually improving Divo’s plan generation and leading to better performance.
Diversity-aware loss of latency distribution (§5.3). We design a multi-objective training
scheme for Divo to sufficiently fit the complicated latency value distribution of diverse train-
ing queries. As shown in Fig. 2(c), Divo trains the latency predictor with a diversity-aware loss
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Fig. 3. lllustrations of the template-evolving query generator.

function to learn from two different tasks: the regular latency prediction task identical to previous
LQOs, and an additional task of predicting the probability distribution of latencies for subplans.
Divo addresses the latter with a KL divergence loss, which enables Divo to effectively handle
divergent latency ranges and inconsistent ground truths. In addition, the plan comparator leverages
the probability distribution to obtain a fine-grained comparison between different plans.

3.3 Inference pipeline

Divo uses a typical RL search pipeline to generate plans independently in a generator-like manner,
and then replaces poor plans using a comparator if needed.

Plan generation. Divo generates plans by selecting subplans. For each input query g, Divo estab-
lishes an initial subplan p, where all tables remain unjoined. In the ¢-th step of plan generation,
Divo enumerates possible join actions for the current subplan p,_; and obtains a set of candidates
P, = {ﬁt(l), ﬁ;z), ...}. Divo uses the latency predictor F,(-) to predict the minimal observed laten-
cies of all candidate subplans. The subplan with the lowest predicted latency is then selected from
P; as the next subplan p,. This process is repeated until a complete plan p is generated.

Erasing poor plans with comparison. Divo uses the plan comparator Femp(+) to recognize and
erase poor plans. When the plan p is obtained, Divo invokes a traditional optimizer (PostgreSQL’s
in our settings) to obtain a default plan p;. Divo evaluates the latency of p relative to the default
plan p, with the comparator and selects the better plan p’ € {p, pp} as the final output during
inference.

We will introduce the previously mentioned components in detail in the following sections.

4 Template-evolving Diverse Query Generation

In this section, we present the basic idea of Divo’s query generator, detail the main operations of
the generation pipeline, and analyze the advantages of Divo’s design.

4.1 Basic idea of query generation

The performance of a learned database component is critically dependent on its training data [9, 23].
Effective LQO training requires a diverse set of queries, which equip the model with sufficient knowl-
edge to handle various future inputs. However, existing query templates offer limited variations of
queries, posing the need for diverse synthetic query generation at scale.

We expect the synthetic queries generated for LQO training to satisfy several requirements.
First, generated queries should exhibit substantial diversity. As demonstrated across ML domains,
model stability and generalization require large, diverse datasets [10, 32, 36]. Second, generated
queries should be informative for the training process. Specifically, the queries must yield non-
empty results. As the DBMS executor halts on empty intermediate results, learning from such
cases reinforces shortcuts or corner-case plans rather than general strategies. Moreover, generated
queries should avoid Cartesian products, which are inherently inefficient and seldom occur in
practice. Third, generated queries should ensure fidelity, i.e., resemblance to existing workloads,
which are representative of real-world scenarios. Fidelity helps maintain performance on real user
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inputs and is essential for synthetic data and queries [21, 24]. Finally, the generation process must
be scalable, i.e., capable of rapidly producing diverse queries with low time complexity.

Note that the notion of query diversity differs from that in other domains. Even a minor modi-
fication, such as adding or removing a table from a query, creates a different execution plan and
provides valuable knowledge for training. As the number of possible table combinations grows
exponentially, such a straightforward approach efficiently generates a sufficient variety of new
templates.

Therefore, our approach evolves templates from widely adopted workloads, including JOB [12],
DSB [4], etc., through rule-based operations. By appropriately removing tables or merging queries
that share common join relationships, Divo ensures a certain level of fidelity by preserving authentic
join predicates while offering superior scalability compared to ML-based alternatives, which require
an extra training overhead.

4.2 Evolving templates with graph operations

In the following, we model query templates as join graphs, introduce two key graph transformation
operations, and present the query generation pipeline with a weighted sampling strategy for
template evolution.

Graph representation for templates. A template is a prototype of queries that contains unset
predicate values. We represent each template as a join graph G = (V, E), where the vertex set V
contains all tables, and the edge set E describes the join predicates. Figure 3(a) shows a query with
tables A to E in the vertex set V. An edge (A, B) exists in the edge set E because a join predicate
A.x = B.y presents in the template. The join graph structure determines the search space of valid
plans. Specifically, two tables A, B € V can be joined without the Cartesian product only when a
join predicate exists, i.e., E contains an edge (A, B). With a correspondence between queries and
join graphs, transformations on join graphs yield syntactically valid query expressions and are
promising to provide diverse knowledge for LQO training.

Join graph reduction and combination. Divo use two operations to shuffle the graph structure
of templates in an existing workload ‘W = {G, Ga, . . ., G} and produce diverse join graphs.

o Reduction: given a join graph G = (V, E), reduction randomly erases vertices from the graph
toform G’ C G.

e Combination: given two join graphs G; and G, that contain a common subgraph, combination
merges the two join graphs on vertices of identical tables to form G’ = G; U Gs.

Join graph reduction and combination generate new join graphs with optimal execution plans
different from those of the original templates. Figure 3(b) and 3(c) demonstrate two examples for
reduction and combination, respectively. The original join graph G in Fig. 3(a) has a vertex set
V = {A,B,C,D,E}, and we assume the optimal join order as joining A and B, then C, etc. When we
erase A from V by reduction, the original optimal plan is no longer applicable, forcing the LQO
to seek a distinct plan for the generated query. Similarly, merging G with another join graph by
combination introduces new tables and possibly different optimal plans, providing extra knowledge
for LQO training.

We implement reduction as a BFS-like algorithm with a time complexity of O(|V| + |E|). BFS
inherently guarantees the obtained subgraph’s connectedness, which eliminates the need for
Cartesian products. Given a join graph G = (V, E), Divo selects a vertex v; € V as the initial node
and adds it to the new vertex set V’. In each step, V' is enlarged by randomly selecting a vertex
from V', e.g., , v1, and adding an unvisited neighbor v, of v; into V’. Divo repeats this process until
|V’| reaches a threshold n,, and attaches all edges with both endpoints in V' to the edge set E’ to
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form the new graph G’ = (V’, E’). We randomly select n, from range [[2/3|V]] — 1,|V]| — 1] to
avoid too much difference from G to G’.

Join graph combination directly merges two join graphs G; and G, which are further restricted to
share a connected maximal common subgraph to strengthen the fidelity to real inputs. We show an
example where we relax the restriction. JOB [12] 1a and 7a have a disconnected maximal common
subgraph that contains two tables ‘title’ (‘") and ‘info_type’ (‘it’). While both queries retrieve movie
titles in ‘¢, 1a finds movies specified by ‘it’, but 7a instead seeks persons specified by ‘it’ that appear
in the cast list of movies. Therefore, the combination of 1a and 7a is likely not present in real
scenarios. In contrast, 1a and 2a can be safely combined since they share a connected maximal
common subgraph of ‘title’ and ‘movie_companies’ and both refer to the titles and companies of
specific movies. In addition, we set a threshold n, to prevent the generated graph G’ from having too
many tables. After merging, Divo tests if the number of tables |G’| goes beyond |G|, and invokes
reduction to randomly erase tables from |G, | if so. This strategy preserves the whole structure of
G and maintains fidelity. The time complexity of combination is O(|V1| + |E;1| + |V2| + |E2]).
Weighted template evolution. Divo iteratively samples existing templates with a weighted
strategy, which not only prevents specific join graphs from being preferred and ensures diverse
queries, but also protects fidelity to the original workload. In each iteration, Divo uses reduction or
combination to evolve join graphs based on templates sampled from the workload W with weights.
Each generated join graph is assigned a new sampling weight and added to ‘W for future use. To
further attach filter predicates to the templates to form new queries, Divo preserves filter predicates
of each source template G during generation and replaces each filter predicate with another one of
the same type from the workload with a probability py = 0.25. We detail the implementation below.

Given a specific workload ‘W = {G1, G», ...}, we assign an identical initial sample weight
wg) =1/|'W| to all templates G in the workload. When a template G’ is generated by reduction

(£-1)
Gi
The following expressions describe the weight change of G; and the new weight

at step t based on G;, we mark G’ as a successor of G; and split a portion of weight from w

to form w(gt,).

assignment:

@ _ . (0 _ (t-1) _ 4. (0)
Wgr =Wg =V (ng Awg, )

() _ (=1 _ (1)
Yo =V Wgr

()
Gi
preserves at least 1/3 of the initial weight w(goi) . v sets the ratio of weight split, and we set y = 1/2
for reduction in our experiments. Combination uses the same weighting strategy, but the generated
template G’ inherits weights from both predecessors G; and G;. We use y = 1/3 for join graph
combination. Additionally, the common subgraph constraint prefers large join graphs since they

are more likely to contain connected maximal common subgraphs. To address the issue, we add a

where A determines the preserved minimal weight for G;. We use A = 1/3 so that w,” at any step ¢

factor to the sample weights and sample templates with the modified weight w(g? = w(gti) /1Gi| for
combination.

We applied the query generator to (1) JOB [12] and Extended JOB [17], (2) DSB [4], and (3)
Stack [16], and collected 1,000 queries for each workload. These queries are leveraged as extra
knowledge to train Divo and also as a new workload for assessments.
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4.3 Property analysis of evolved templates

Divo’s template-evolving query generator produces queries that satisfy the properties of diversity,
informativeness, and fidelity, with a scalable algorithm of polynomial time complexity. We analyze
the properties of the query generator in the following.

Diversity. The diversity of generated queries arises at two scales.

First, join graph operations achieve query-level diversity with a guaranteed vast search space.
Consider the largest combined join graph G = |, G; for the source workload ‘W. For any
connected subgraph G = (V,E) C G, we can break down G into a set of one-edge subgraphs
({u, v}, {e}) where e € E. Each edge e must exist in some G; € W, and we can obtain the one-edge
subgraph with reduction. Therefore, G can be constructed by combining these subgraphs. This
property enables Divo to generate any query formed with existing join predicates on the underlying
schema.

Second, weighted sampling ensures workload-level diversity through fair sampling across query
templates. While uniform sampling leads to a preference for a template G; when we add G’ evolved
from G; to ‘W, Divo maintains a constant total weight for all templates evolved from each G; € W
to eliminate the bias.

Informativeness. Divo produces queries informative to LQO training. First, reduction naturally
guarantees non-empty results when the original template is non-empty. Consider an execution
plan where we join the erased tables last. The subplan corresponding to the reduced template
must produce non-empty results to meet the final output. For combination, we verify the evolved
queries with real execution. Second, we restrict the evolved join graphs to be connected to eliminate
Cartesian products.

Fidelity. Divo ensures fidelity with the following two strategies. First, reduction and combination
inherently maintain structural fidelity by preserving graph structures from original templates.
The fidelity is further reinforced by restricting merged join graphs to share a connected maximal
common subgraph, which ensures a coherent relationship between combined templates. Second,
Divo prevents frequent sampling of evolved templates distant from the original ones by weight
preserving, which exponentially decays sample weights of evolved templates while maintaining a
minimum probability for initial ones. The weight of a template with n times of evolution never
goes beyond y" (1 — 1) /|W]|.

Scalability. Divo implements both reduction and combination with O(|V| + |E|) complexity.
Moreover, Divo requires no training overhead. These properties enable rapid generation of queries
at scale.

We will show an in-depth analysis of the template-evolving query generator through experiments
in §6.2.

5 Diversity-Enhanced Two-Phase Training

Divo leverages diverse queries to enhance plan generation and comparison, but learning from a
diverse training workload faces challenging stability issues. In this section, we introduce the static
experiences that augment Divo with diverse generated queries, explain Divo’s two-phase training
pipeline, and further propose a diversity-aware probability distribution loss to stabilize RL training.

5.1 One-time static experience collection

In Phase I, Divo collects substantial execution plans from diverse queries to establish the static
experiences, which are leveraged to enhance the performance of both plan generation and compari-
son. The static experiences address the stability challenges of learning from a large and diverse
training workload.
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Fig. 4. An illustration of the model architecture of Divo and previous methods, Alphajoin [41] and GLO [3].

Stability issues on large training workloads. Divo employs a value-based RL pipeline for plan
generation. For each training query, Divo iteratively selects the most promising subplans py, ..., pr
with a latency predictor that estimates the minimal observed latency T(pr) for each subplan p;.
Upon generating the complete plan pr, Divo updates each f(pt) with the observed latency and
stores subplans in replay memory M, which is a standard RL technique for reusing observed
experiences. However, large and diverse workloads undermine the pipeline’s stability.

The core challenge stems from LQOs’ cold-start issue with the lack of subplan latency knowl-
edge [2, 16]. Large workloads impede bootstrap efficiency due to increased complexity, preventing
the latency predictor from effectively learning to select efficient subplans. While pre-collecting
subplans from partitioned small workloads appears to address bootstrap issues, this approach
remains fundamentally impractical. Note that the minimal observed latency T (p) for each subplan
p is iteratively updated to inform Divo with the best observed plan generation strategy. The value
of T(p) remains uncertain until exhaustive exploration of p is completed. Therefore, training
with pre-collected subplans impedes crucial updates for observed latencies, informing Divo with
outdated plan generation strategies that inevitably degrade performance.

Stable training with static experiences. Divo collects complete plans and their latencies from
diverse generated queries to establish static experiences S, where ‘static’ indicates the stable latency
values of complete plans that require no updates throughout training. The static experiences S
complement the replay memory M with diverse pre-collected plans and improve Divo through two
benefits. First, unlike subplans that require consecutive updates of the minimal observed latency,
complete plans possess deterministic latency values and retain validity without update, preventing
contamination from outdated generation strategies. Second, pre-collected plans enable reuse across
training configurations without exploration from scratch.

Experience collection. We combine the generated queries and public workloads (JOB, DSB,
Extended JOB, and Stack) to establish a large workload “W; for static experience collection. To
obtain complete plans, we temporarily reuse Divo’s latency predictor to generate plans through RL
exploration. The collected plans ultimately form the static experiences. To alleviate the difficulty of
sufficient exploration, Divo splits ‘W into subsets of 100 queries, denoted as "Ws(l) ,’VVS(Z) . .,’WS(N‘“),
and collect plans separately on each subset. For each query ¢ in a subset ’M/s(i), Divo establishes a
complete plan p, sends p to PostgreSQL to obtain the execution time T'(p), and adds p to experiences
S® . We repeat this process and collect abundant plans to form the static experiences S = S U
... USMW  which contain 132,000 plans in our experiments.

5.2 RL training enhanced by complete plan comparison

In Phase II, Divo trains the latency predictor and the plan comparator with RL enhanced by
diverse static experiences. Instead of directly augmenting the latency predictor to improve plan
generation, Divo trains the plan comparator with static experiences in a supervised manner,
eventually benefiting plan generation with a parameter-sharing strategy.

The parameter-sharing model architecture. Figure 4(a) shows the model architecture of Divo,
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which enables plan generation and comparison to benefit each other through shared query em-
beddings. We explain Divo’s architecture with the pipelines of two previous LQOs, AlphaJoin [41]
and GLO [3]. Figure 4(b) shows AlphaJoin’s separate pipelines where the latency predictor and the
comparator are completely unrelated and cannot improve each other. GLO in Fig. 4(c) instead uses
the same model to handle the two different tasks. With the latency predictor directly reused for plan
comparison, the plan comparator struggles to recognize poor plans from failed plan generation. In
contrast, Divo’s latency predictor and comparator share common table embeddings Fenc(q) from
the encoder, but use task-specific parameters to allow both mutual enhancement and independent
decisions for plan generation and comparison.

Advantages of parameter-sharing. The parameter-sharing architecture enables improving plan
generation by training the plan comparator with complete plans in static experiences while avoiding
possibly outdated plan generation strategies. We explain the advantage by analyzing the alternative
design of pre-collecting abundant subplans and augmenting the latency predictor directly, which
fails because outdated strategies derived from pre-collected subplans cannot be refined. For example,
PostgreSQL suggests a sub-optimal first step ‘k >« mk’ for JOB 17b and results in 4.2s latency, which
likely persists in the static observed latencies. Instead, a superior choice ‘ci > n’ of 2.5s may be
recorded as 5.0s if followed by poor subsequent joins, e.g., ‘(ci = n) = mc’, and be permanently
discouraged as the observed latency cannot be updated through exploration. In contrast, training
the comparator focuses on the persistently valid final latency and circumvents learning from
invalidated strategies. We will give a comprehensive study of training methodologies through
ablation studies in §6.3.

5.3 Diversity-aware stable RL training

When training on queries from diverse sources, LQO encounters multiple challenging issues that
severely affect model stability. Divo stabilizes RL training with a diversity-aware loss function,
which complements latency prediction with an auxiliary task of latency probability distribution.
Obstacles from diverse training queries. Most generator-like LQOs [3, 17, 37] are trained by
MSE loss, which diminishes the distance between the prediction and the minimal observed latency
and exhibits two key drawbacks.

First, MSE loss introduces scale-dependent bias when addressing various latency ranges across
different templates. For example, the latencies of JOB [12] 6¢’s plans span from 20 to 400 ms, while
DSB [4] q100 takes more than 2,000 ms. MSE overweights high-magnitude errors and inadequately
distinguishes plans with smaller latencies, intrinsically neglecting optimization for certain queries.

Second, MSE loss cannot resolve similar inputs with distinct latencies. For example, JOB 8c and
8d differ only in the predicate values ‘writer’ and ‘costume designer’ for column ‘rt.role’, which
query different data but share identical selectivities. Yet ‘ci >« rt’ yields 9x more data in 8c due to the
subtle difference, doubling the latency compared with 8d. The example demonstrates that subtly
different queries with similar or identical features may produce different latencies and possibly
distinct optimal plans. MSE loss inherently fails to handle inconsistencies and leads to instability.
Learning plan generation with diversity-aware loss. Divo proposes the diversity-aware loss
to address the issues by complementing MSE with a KL divergence loss for latency predictor training.
With the KL divergence loss, Divo fits the minimal observed latency T (p) with probabilities of
multiple class labels that represent different ranges of latency. The probabilities form a distribution
of the latency. For example, a predicted probability 0.6 for the class label of the range [10%, 10%%]
indicates that T(p) has a 60% chance between 10> ms and 10*2 ms.

Learning to predict probability distribution enhances Divo through three key advantages. First,
probability distributions provide scale invariance by transforming latency ranges into class labels
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with uniform weights. Second, class labels possess robustness to inconsistencies with natural
representations of different latencies. Third, recent progress in deep RL [7] validates the benefit
that training value models with probability distributions yields more informative hidden states and
higher performance.

Implementation. We model the minimal latency T, as log-normally distributed since the exe-
cution cost is approximately proportional to predicate selectivities. For a subplan p with observed
latency T(p), we use normal distribution N (log,, T(p), %) to describe log,, Trin(p). To obtain a
reasonable approximation of o, we collected the average variance of PostgreSQL’s logarithmic
latency on DSB template’s queries and got opsg ~ 0.121. Therefore, we set 0 = 1/8 in our exper-
iments. We discretize the latency values log,, Tiin into ks = 24 classes. Since all queries in our
experiments can be executed within 10° ms, we assume that log,y Timin is within [0, 6] and thus
the length of each range is 7 = 0.25. For example, when T is 1031 ms, the class representing the
range [3.0,3.25] should have the largest probability. We employ an extra MLP tail to predict the
probability distribution (denoted as Fj,;op) and use the KL divergence as an objective function apart
from MSE to handle the diversity and inconsistency:

L = ot 3 (Futp) = T0)

PEBiat

kcls F(l) ( )
1 i rob P
o= 37 S Gy

| Brat| P ®;(log,, T, 0?)

Liat = Lvsg + Ly

where F;Q)b (p) is the i-th range’s probability, By, is a batch sampled from the RL replay memory M,
and @; represents the cumulative probability of normal distribution in the i-th range. We combine
the KL divergence loss with the MSE loss to exploit both advantages, with the former suppressing
instabilities and the latter enabling direct prediction of latencies.

Enhanced plan comparison via relative latency distributions. We enhance plan comparison
with the diversity-aware KL divergence loss, which enables prediction of relative latency distribution.
Divo’s comparator predicts the probability distribution of the relative latency T(p)/T (pp) between
generated plan p and the default plan p, from a traditional optimizer (PostgreSQL’s optimizer in
our experiments), facilitating fine-grained comparison over binary classification like Lero [46]. For
each input plan p, the comparator uses an MLP My, to predict the distribution of T(p), denoted
as Memp (p) below. Divo obtains the relative latency distribution as follows, shown for the case of
T(p) = T(py)-

ks
Pr ('IT((ppb)) = IOiT) = ;Pr(T(p) = IOJT) . Pr(T(pb) — 10(]_1)1.)
ks

= > ML (p) - MY (p3)
Jj=i

We estimate the relative latency with probability predictions by calculating the mathematical

expectation, which precisely reveals the performance difference between p and p;. Note that the
result has an exponentially growing coefficient 10**. To avoid explosive growth, we restrict the
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We train the plan comparator with KL divergence loss.
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5.4 The overall training algorithm
We show the training pipeline in Algorithm 1 and clarify our design.

Phase I. Divo collects plans individually for each subset (Ws(i) by repeating a plan generation
process: selects a query q € (Ws(i) and generates a plan p (line 6), executes p and records the
execution latency T(p) (line 7-8), and collects p and T(p) into static experiences S () (line 9). The
process is repeated until the number of plans reaches a threshold Ny, which we set to 4,000
in experiments. Divo explores various plans with the latency predictor F,, which is reset after
completing the collection process on each subset.

Phase II. In each iteration, Divo processes through the following steps: receives a query g from the
training workload ‘W (line 17), iteratively selects subplans pg, p1, . . ., pr for q to form the complete
plan pr (line 18), and collects the subplans into RL replay memory M (line 19). After collection, Divo
samples a batch Bj,; C M to calculate the latency predictor’s loss L, and a batch By € MU S
for the plan comparator’s loss Lemp (line 22-23). Divo repeats this process to iteratively improve
plan generation and comparison.

6 Experiments

We test Divo and existing LQOs on multiple training and testing workload splits to demonstrate
the performance. In this section, we first detail the experimental setup, then demonstrate Divo’s
superior performance over alternative LQOs, and finally validate the contribution of components
through ablation studies. Our source code is available at https://github.com/TianyiChen0316/Divo.

6.1 Experimental setup

Workloads and splits. We use the following 4 public workloads and the corresponding underlying
data in our experiments.

e Join Order Benchmark (JOB) [12] consists of 33 templates and 113 queries. JOB is the most
challenging workload with specifically designed filter predicates that enable different optimal
plans for queries of the same template.

o DSB [4] consists of 15 templates along with a query and data generator. DSB improves TPC-
DS [22] with more challenging data distribution and expressive templates. We use a scale factor
of 4 and 10 templates without subqueries (unsupported by most LQOs). We generate 5 queries
for each template.

o Extended JOB [17] consists of 12 templates and 24 queries, which have 12 new join graphs that
complement JOB templates.
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Algorithm 1 The training process of Divo

Require: diverse query workload ‘W;, RL training workload ‘W
Ensure: static experiences S, components (Fenc, Fiat, Femp)
1: Initialize the encoder Fen, the latency predictor Fi,, and the comparator Femp

2: Split W, into W, w®, .. i)

3: foriin1,...,N,, do > Static experience collection (§5.1)
4 set S — &
5: while |S®| < Nipres do
6: Generate a plan p for a query q € (Ws(i)
7: Execute p to obtain execution latency T (p)
8: Update observed latency T(p) < T(p)
9: Update S « SW U {p}
10: Calculate loss Lj,; with By, sampled from S )
11: Update encoder Fep. and latency predictor Fi,y with Liy
12: end while
13: Update S « SuUS®
14: Reset the encoder Fep. and the latency predictor Fjy
15: end for
16: for epochin 1,..., Nepoch do
17: for g € ‘W do > RL with shared parameters (§5.2)
18: Generate subplans pg, ps, . .., pr for q
19: Update M — M U {po,p1,...,pr}
20: Execute p to obtain execution latency T(p)
21: For all p;, update T(p;) < min {f(p,-), T(p)}
22: Sample Bj,; from M and Beyp from M and S » Diversity-aware loss function (§5.3)
23: Calculate loss Liy; with Bjy and Lepp with Bep
24: Update encoder Fp, and latency predictor Fi,; with Ly
25: Update encoder Fen and comparator Femp with Lemp
26: end for
27: end for

o Stack [16] consists of 16 templates and thousands of queries. We remove templates 9 and 10
that contain subqueries and randomly select 5 queries for each template in our experiments.

In addition, we use the template-evolving query generator to generate 3,000 queries, where 1,000
are based on JOB and Extended JOB, 1,000 for DSB, and 1,000 for Stack. The generated queries
contain distinct join graphs from public workloads. We randomly pick 100 from the generated JOB
queries to form an extra query workload, denoted as Gen below.

We combine the previously mentioned workloads to form workload splits and make a compre-
hensive test of Divo’s performance. We use the following three challenging workload splits in
which test set templates are unseen in the training workloads.

e Mixed. We pick a half of the templates from JOB, DSB, Extended JOB, and Stack, as the testing
workload, and use the rest as the training workload. This workload split assesses Divo’s capability
to learn from a diverse workload and grasp the knowledge to reach a reasonable performance
on different query templates.
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e Gen-only. We use Gen as the testing workload and mix all public workloads to form the training
workload. The Gen-only workload split further assesses Divo’s ability on a wide range of unseen
join graphs learning from all available public workloads.

o Stack-only. We use Stack for testing and other public workloads for training. The most chal-
lenging Stack-only workload split completely removes Stack from training and evaluates (1)
the performance without adequate training set diversity, and (2) the stability on a completely
unseen workload.

In addition to the three challenging workload settings, we use two simple workload splits
established with only JOB queries to perform a comprehensive study of Divo and existing LQOs in
workload settings of various difficulty.

e JOB-Balsa [37]: a simplified workload split from Balsa where all test set templates are available
in the training workload.

e JOB-Half: a part of Mixed where only JOB queries are used and test set templates are unseen
during training.

Metrics. We use the workload speedup relative to PostgreSQL’s optimizer as the main metric,
along with the geometric mean relative latency (GMRL) [40] for a comprehensive evaluation. For
each workload in experiments, we collect the total latency of each LQO’s plans (denoted as L) and
PostgreSQL’s (Lp). The speedup is then calculated as Ly, /L. While the speedup demonstrates overall
performance, GMRL assesses the performance from a distinct aspect by focusing on the quantity of
benefits or flaws in the generated plans. For instance, different plans with the same relative latency
of 0.5 are considered identical for GMRL’s calculation, but the latency can be either 10 ms or 1,000
ms, which affects the speedup differently.

We run Divo on a server of Ubuntu 22.04 with 2 Intel Xeon Gold 5318Y CPUs and 256GB
of memory and train Divo with an NVIDIA RTX A5000 GPU. We use a hidden size of 512 for
Graphormer and 1024 for QueryFormer. The models are optimized using AdamW with 10~2 weight
decay and a learning rate of 3 X 10™>. We train Divo for 60 epochs and take the performance at the
final epoch for evaluation. For the compared LQOs, we adhere to the original implementations as
specified in their documentation.

Compared methods. We compare Divo with PostgreSQL’s built-in optimizer and the following
LQOs.

e Balsa [37]: a generator-like optimizer that bootstraps from a cost simulator and enhances the
stability by safe exploration.

e HybridQO [39]: a generator-like optimizer that generates only the first steps of a plan and
completes the plans by sending them to PostgreSQL’s optimizer.

o LOGER [2]: a generator-like optimizer that stabilizes plan generation with reward weighting
loss.

e GLO [3]: a generator-like optimizer aiming to handle unseen tables and workloads. GLO uses a
comparator loss to enable complete reuse of the latency predictor to make comparisons.

o Lero [46]: a steerer-like optimizer that obtains plans by modifying PostgreSQL’s cost estimations.
Lero pairwisely compares the obtained plans with binary labels from a comparator model.

o FASTgres [34]: a steerer-like optimizer that learns a hint predictor for each specific template.

e Eraser [33]: a plan comparator designed for seamless integration with existing LQOs to erase
poor plans.

o LIMAO [43]: a recently proposed extension that integrates existing LQOs with task modules to
handle dynamic workload shift. We compare Divo with LIMAO’s open-source implementation
on Balsa (denoted as LIMAO-Balsa) on dynamic workload settings, omitting the tests on static
settings (covered by Balsa).
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Table 1. Performance of Divo and compared LQOs on testing workloads of different workload splits.

Generator-like LQOs

Steerer-like LQOs

Competitor Divo Balsa HybridQO LOGER GLO Lero FASTgres Divo-Eraser
Mixed 203 012 005 197 201 085 L8 0,52
Gen-only 2.06 016 006 108 147 062 147 0.64
Train Stack-only 2.00 0.59  0.09 157 1.06 0.90 1.59 1.27
JOB-Balsa 1.63 1.82 1.31 1.70 1.81 1.17 1.83 1.18
Speedup JOB-Half 1.60 1.73 1.03 149 1.79 0.87 1.52 1.01
(1) Mixed  1.33 006 005 005 037 015  L00 1.00
Gen-only 128 022 008 055 018 067 100 1.00
Test Stack-only 1.00 001 001 001 094 104  1.00 1.00
JOBBalsa 157 133 115 176 176 102 152 121
JOB-Half 1.17 0.35 0.82 086 1.10 0.95 1.00 1.00
Mixed 0.65 8.29 10.1 0.56 0.71 1.13 0.58 1.09
Gen-only 0.67 856 101 080 084 107 072 1.01
TrainStack-only 0.64 354 768 011 117 102 060 0.95
JOBBalsa 062 0.3 097 045 075 083 069 0.86
GMRL JOB-Half 061 087 092 043 065 107 058 0.99
(1) Mixed 092 164 16.1 2.77 131 119 1.00 1.00
Gen-only 0.82 596 444 100 143 099  1.00 1.00
Test Stack-only 1.00 169 327 222 103 101  1.00 1.00
JOBBalsa 0.76 131 106 101 081 096 092 0.87
JOB-Half 092 211 100 114 107 110 100 1.00

Table 2. Epochs, data collection overhead, average training time, and average inference time of compared

methods.

Competitor Divo (ours) Balsa HybridQO LOGER GLO Lero FASTgres

Epochs 60 60 60 60 60 60

Dataset collection (min) 9416 367

Time per epoch (min) 18.1 187 172 59.7  24.7 90.8  5.31

Inference time (s) 0.91 0.17 0.14 1.16  0.86 396  0.11
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Fig. 5. Divo’s performance on each query (sorted by
execution latency) in Gen-only testing workload.

6.2 Performance evaluation

Fig. 6. The percentage of validation overhead and the
number of join graphs of different sizes over time.

Experimental design. We design several experiments to evaluate Divo’s full pipeline. We assess
the speed and join graph diversity of the template-evolving query generator, the plan execution time
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on different workload splits compared with existing LQOs, and the training and inference overhead.
Furthermore, we perform an in-depth study of Divo’s capability under more challenging workload
configurations. We assess the impact of join graph size on Divo and verify Divo’s ability to learn
from join graphs of different complexities. In addition, we run Divo on a dynamic environment
where the training and testing workload changes over time to verify Divo’s adaptability to workload
shift.

Diversity and runtime analysis of query generation. We evaluate the template-evolving query
generator on JOB, producing 10,000 new queries with a maximal graph size of 17 to match JOB’s

complexity. Results confirm Divo achieves high join graph diversity with low overhead. As shown

in Fig. 6, Divo generates 5,116 distinct join graphs in 4.86 hours with diversity increasing steadily

alongside roughly linear time growth. Moreover, the distribution of join graph complexity remains

stable throughout generation. The validation for non-empty results takes 4.01 hours (82.5% of
the total runtime) and finds 89 empty queries, which are reduced by the validity guarantee from

join graph reduction. As Divo limits the validation to join graph combination only, this guarantee

significantly contributes to overall efficiency.

Overall performance comparison. Table 1 summarizes the speed-up and GMRL for Divo and
competitors. Leveraging diverse knowledge from both static experiences and training workloads,
Divo consistently outperforms compared LQOs across workload splits. Compared with the best
generator-like competitor, LOGER [2] and GLO [3], Divo achieves 3.6x and 2.3X speedup on Mixed
and Gen-only testing workloads, respectively. On the unseen Stack testing workload, Divo con-
servatively defaults to PostgreSQL’s plans when receiving high uncertainty. While not surpassing
PostgreSQL, this strategy still exceeds all generator-like competitors, as they did not properly
handle the completely unseen Stack queries. We further investigate the relative latency of each
query in the Gen-only testing workload in Fig. 5 to comprehensively analyze Divo’s performance.
The results confirm that Divo effectively avoids poor plan selection, and the occasional occurrence
of flawed plans does not diminish the significant advantage on slow queries.

Our results validate the characteristic trade-offs between LQO architectures. Generator-like
LQOs offer the potential of higher performance through vast search spaces, while steerer-like LQOs
benefit from the robustness of the underlying traditional optimizer. LOGER and GLO exhibit strong
training workload performance but fail to behave properly on testing workloads. GLO partially
erases poor plans with a fallback strategy but still performs worse than PostgreSQL. Steerer-like
methods show greater stability but still cannot surpass PostgreSQL on diverse unseen templates.
Lero [46] demonstrates instability on Mixed and Gen-only, while FASTgres [34] cannot utilize
knowledge from different templates and always defaults to PostgreSQL’s plan on testing workloads.

Divo outperforms existing methods by effectively combining the high potential of generator-like
LQOs, the stability of steerer-like LQOs, and the knowledge from diverse queries. Diverse static
experiences enable high performance for plan generation, while the plan comparator eliminates
flaws and ensures reliability. This approach requires appropriate handling of diverse queries. We
replace Divo’s plan comparator with Eraser [33] to demonstrate its performance. Eraser suffers
from uncertainty and falls back to PostgreSQL’s plan on most testing workloads. Moreover, Eraser
exhibits noticeable performance limitations when processing training workloads, demonstrating
its limited capability to handle diverse queries. In contrast, Divo’s plan comparator learns from
diverse experiences, consistently stabilizing and improving Divo’s performance.

Performance on simplified workloads. To determine whether performance degradations of the
compared LQOs stem from challenging workload settings, we evaluate Divo and the comparators
on simplified workloads, JOB-Balsa and JOB-Half. The results in Table 1 show that all competitors
recover their performance on JOB-Balsa, where test set templates are contained within the training
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Table 3. Testing workload speedup of Divo and LIMAO-Balsa on dynamic workloads.

Workload IMDB-LIMAO Mixed-Shift
IMDB-1 IMDB-2 All JOB ExtJOB DSB Stack All

LIMAO 2.44 2.66 2.59 029 056 0.04 0.01 0.07

Divo 2.49 286 2.76 1.11 147 1.00 1.07 1.17

— without plan comparison  2.30 292 274 0.69 148 1.06 0.08 0.63

—— Original Directly enlarging —— Gen w/ experiences
14 3.0 ~ L~ ~~
TN y
P e S
S10 5 | ey
9 920 /1 S
S 0.6 o ol
o @ -~~~ IMDB-1
0.2 test —— train 10} --- IMDB-2
6 8 10 tables 25 50 75 epochs 10 20 30 40 50h

Fig. 7. Speedup change Fig. 8. Speedup on IMDB- Fig. 9. Speedup of Divo on Mixed testing workload
over increasing graph size. LIMAO with dynamic shift. with different design choices of static experiences.

workload. On the more challenging JOB-Half split, most LQOs remain slightly inferior to PostgreSQL.
Nonetheless, both generator-like and steerer-like methods show higher speedups on JOB-Half
than on diversified workload splits. These results confirm that degradation primarily stems from
the inability to handle diverse queries, while unseen test set templates also contribute to the
phenomenon.

Performance variation with increasing complexity. We evaluate Divo’s capability to leverage
queries of varying complexity by training it on a progressively expanding workload and testing
on the Gen-only testing workload. The training process begins with queries of 3 to 6 tables for
the first 24 epochs, with 20 queries per category. After every 16 epochs, we expand the training
workload by 20 additional queries, with a join graph size increased by 1. Thus, Divo is trained with
queries of 3 to 7 tables by epoch 40. The process of workload expansion continues until epoch 120,
where the size eventually reaches 12.

Figure 7 shows the speedup progression as query complexity increases, where shadings indicate
the contribution of plan comparison. Divo demonstrates steady performance improvements on
both training and testing workloads, thus confirming its ability to grasp knowledge from queries of
different complexities. While the initial average speedup trained on queries of 3 to 6 tables reaches
only 0.65X, Divo progressively improves the performance and finally achieves 1.12X on the testing
workload. These results also reveal the necessity of diverse training queries to cover a spectrum of
complexities and equip LQOs with sufficient knowledge for robust performance on future inputs.
Performance under dynamic workload shifts. To evaluate robustness in realistic scenarios
with frequent workload changes, we test Divo under two dynamic settings:

e IMDB-LIMAO [43]: LIMAO’s workload settings with periodic switches between two IMDB-
based splits every 5 epochs. We denote the workloads as IMDB-1 and IMDB-2, which partially
overlap with each other.

e Mixed-Shift: a variant of Mixed workload split where training and testing workloads periodi-
cally rotate among JOB, Extended JOB, DSB, and Stack.

Figure 8 shows Divo’s consistent performance improvement on both IMDB-1 and IMDB-2 despite
periodic shifts. We show detailed results in Table 3 with a comparison to LIMAO-Balsa. While
LIMAO-Balsa exhibits competitive performance on overlapping IMDB queries, it struggles to switch
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Table 4. The results of ablation studies. The ‘NoCmp’ columns show the performance of Divo before plan
comparison.

Mixed Gen-only Stack-only

TrainNoCmp Test NoCmp Train NoCmp Test NoCmp Train NoCmp Test NoCmp

Ori 203 206 133 104 206 2.13 128 030 200 199 1.00 0.02

NoExp 2.02 201 1.12 093 201 198 035 0.20 196 198 0.98 0.65

HalfExp 2.06 2.06 1.21 101 156 154 111 0.81 2.01 2.01 1.00 0.90

SpeedupNoGen 2.05 205 1.12 1.04 158 157 1.16 0.54 199 2.01 1.00 0.74

(T) LatExp 1.68 163 1.04 1.01 154 146 104 041 141 136 1.00 1.03

NoKL 2.00 2.07 1.04 097 204 205 126 1.22 199 2.00 1.00 0.96

NoMSE 149 0.13 098 0.09 1.07 0.06 1.01 0.12 138 0.24 1.00 0.01

Reuse 2.04 204 1.00 1.10 200 198 1.17 0.22 197 196 1.00 0.11

Ori 065 0.64 092 1.11 0.67 0.65 0.82 1.11 0.64 0.64 1.00 3.50

NoExp 0.68 0.68 095 1.06 0.70 0.69 1.22 135 0.66 0.65 1.03 1.24

HalfExp 0.66 0.66 0.91 1.13 0.70 0.70 094 1.00 0.63 0.63 1.00 0.99

GMRL NoGen 0.68 0.69 0.92 1.07 0.71 070 098 125 0.65 0.65 1.00 1.13

(l) LatExp 0.84 0.85 0.96 106 0.85 0.86 093 122 086 0.89 1.00 1.01

NoKL 0.68 0.66 096 1.15 0.69 0.68 091 1.03 0.64 0.64 1.00 1.01

NoMSE 0.93 452 1.01 456 097 827 099 6.83 093 3.61 1.00 2387

Reuse 0.67 0.66 097 1.08 069 070 098 119 0.65 0.65 1.00 1.46

Metric Name

among thoroughly different workloads in Mixed-Shift. Instead, Divo’s plan comparator effectively
filters poor plans and ensures more stable performance. Note that Divo achieves 1.17X test set
speedup in total on Mixed-Shift, inferior to 1.33X speedup in static Mixed workload settings shown
in Table 1. This result indicates that the inability to access queries from multiple workload sources
simultaneously limits Divo’s performance under dynamic workload settings.

Training and inference time. Table 2 shows the data collection overhead, average training time,
and inference time for Divo and other LQOs. All competitors were trained for 60 epochs for
a fair comparison. Balsa and HybridQO exhibit high per-epoch training time, while Lero’s full
retraining from scratch in each epoch increases its overhead. Divo trains faster than GLO since static
experiences can also be leveraged as a lookup table of latencies and reduce redundant executions.
Although Divo requires a collection phase of about 157 hours, collected experiences are reusable
across different configurations and incur no extra training overhead.

For inference, Divo requires more time than Balsa, HybridQO, and FASTgres, as the latter benefit
from simple model architectures. However, Divo’s inference time is competitive with LOGER and
GLO, and substantially lower than Lero. Given that none of the existing LQOs produce efficient
plans over diverse workloads, we prioritize the pivotal task of performance improvement and leave
inference acceleration to our future work.

6.3 Ablation study

To illustrate the effectiveness of different components, we evaluate Divo on the three workload
splits with different modifications and analyze the performance. We demonstrate all results in Table
4, explain the experiment names in Table 5, and detail the performance in Fig. 9-12.

Design choices of training with static experiences. We test Divo with the following modifi-
cations: (1) directly enlarging the training workload with generated queries, (2) augmenting the
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Table 5. Experiment names and corresponding descriptions for ablation studies.

Experiment name Description
Ori The original Divo implementation.
NoExp Training Divo without static experiences.
HalfExp Training Divo with half of the experiences.
NoGen Training Divo without experiences from generated queries.
LatExp Training the latency predictor with static experiences.
NoKL Training Divo without KL divergence loss.
NoMSE Training Divo without MSE loss.
Reuse Reusing the latency predictor to make plan comparison.
10.0 10.0
5 5.0 5 50 / 1.4 -\M/\H 1.4 e
§ 25 /J g 25 / a b : o \/\/\*“ \
k] 7 = 2 1 S N N z 1
g 10 /,, / g 10 7 g 8
£ o5 [fA — original S o5 f Original 806 —e— Original 506
2 oos gl | MiiSheene | 2 g5 it Sxpertences wio KL —— Qriginal
. w/o Gen-queries b / w/o Gen-queries 0.2 —+— w/o MSE 0.2 Single model
10% 25% ... 75% 90% 10% 25% ... 75% 90% 20 40 epochs 20 40 epochs
(a) Mixed (b) Gen-only

Fig. 11. Speedup without Fig. 12. Speedup with la-
Fig. 10. Relative latency of generated plans on differ- KL divergence loss or MSE tency predictor reused for
ent testing workloads by percentage. loss on Mixed. comparison on Mixed.

generator with collected subplans, (3) training without static experiences, (4) training with half the
static experiences, and (5) excluding generated queries from static experiences.

Figure 9 demonstrates the speedup of (1) and (2) over time on Mixed workload split. Solid and
transparent lines denote the performance before and after plan comparison, respectively. The
distance between contiguous points on the curves represents 4 epochs, which is the validation
interval in our experiments. The results reveal that directly expanding the training workload not
only substantially increases the training overhead but also yields disastrously poor plans, validating
our claim that existing training methods cannot work properly on large diverse workloads. We
omit the detailed performance of (1) from Table 4 as training for 60 epochs takes too much time.
The naive design choice (2) of training with collected subplans performs better than (1) but remains
inferior to PostgreSQL. This failure stems from learning outdated plan generation strategies of
static minimal observed latencies, which become invalidated during RL exploration.

We examine design choice (3) to verify the benefit of training with collected static experiences.
Figure 10 demonstrates the latency of generated plans relative to PostgreSQL on Mixed and Gen-
only testing workload by percentage. From the red curve in Fig. 10(b), we can see that Divo fails
to reduce poor plans on generated queries without static experiences, resulting in significant
degradation. We further explain the importance of static experiences by using only half of the
experiences in design choice (4). From the results in Table 4, we can see a gradual improvement of
speedup from 1.12 to 1.21 and finally 1.33 on the Mixed testing workload when we increase the use
of static experiences. A similar improvement can be seen on Gen-only (0.25, 1.11, and 1.28). The
results exactly verify the effectiveness of Divo’s two-phase training pipeline.

Design choice (5) removes generated queries from static experiences to isolate the contribution
of the template-evolving query generator. Results in Table 4 demonstrate substantial speedup gains
from 0.92 to 1.33 on Mixed testing workload and 0.98 to 1.28 on Gen-only, validating the critical
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role of generated queries. By producing numerous synthetic queries with join graphs distinct from
public workloads, the template-evolving query generator furnishes Divo with abundant, diverse
knowledge.

Design choices of the diversity-aware loss. We test the performance of Divo with the following
modifications: (1) removing the KL divergence loss, and (2) removing the MSE loss. For the latter,
Divo replaces latency prediction by calculating the mathematical expectation of latency with
probability distribution.

We show the test set speedup of disabling KL divergence or MSE loss over time in Fig. 11, where

transparent curves represent the speedup of generated plans without comparison. The ‘w/o KL’
variant is almost always inferior to the original, indicating the KL divergence loss’s apparent benefit
in training stability and performance. Moreover, we observe a surprising finding that Divo behaves
improperly without explicit value prediction. With MSE loss removed, Divo consistently generates
poor plans and fails to outperform PostgreSQL even with plan comparison. The results confirm
the necessity of integrating both losses, where the KL divergence ensures robustness and the MSE
provides an explicit criterion for plan generation.
An alternative to the model architecture. To examine the impact of different model architec-
tures as shown in Fig. 4 on Divo, we reuse the latency predictor to perform plan comparison with a
single model as an alternative that resembles GLO [3]. We can see from Table 4 that the speedup on
Mixed and Gen-only decreases to different extents. Figure 12 shows the test set speedup over time.
With a single model handling both latency prediction and comparison, Divo generates poorer plans
and often fails to erase them, resulting in a fluctuating performance. As the completely shared
model indicates inherent dependence between the latency predictor and the comparator, plan
generation and comparison are likely to fail together, revealing the necessity of independent model
parameters.

In conclusion, Divo’s performance benefits from all the proposed components, including queries
from the template-evolving query generator, the two-phase collecting and training strategy, the
parameter-sharing model architecture, and the diversity-aware loss function. With the delicate
design of the whole training pipeline, Divo performs better than PostgreSQL and all compared
LQOs.

7 Conclusion

We propose Divo, an LQO built on diverse workloads. First, we establish a template-evolving
query generator that performs join graph operations on existing templates to produce diverse,
informative queries with fidelity at scale. Second, we design a two-phase model training pipeline
to equip Divo with diverse static experiences through parameter-sharing RL training. Third, we
introduce a diversity-aware probability distribution loss, which ensures training stability on diverse
queries and enables fine-grained plan comparisons. Experiments show that Divo consistently
outperforms PostgreSQL’s built-in optimizer and existing LQOs across three challenging workload
splits. Moreover, the proposed components evidently contribute to Divo’s superior performance.

Divo is still heading towards being practical. In the future, we will investigate leveraging more
sophisticated techniques to accelerate inference, integrating selections of physical join and scan
operators to seek higher performance, and adapting Divo to the context of distributed database
systems [8].
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